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Seismic Reverse Time Migration

(Point scattering example)

10

e
)
o
Q
O
20}
I
25 -
30+
| | | | | |
5 10 15 20 25 30
receiver

Tuesday, 4 December, 12



10

depth

20

25

30

SPGI1 Recovery

T

T

T

T

1

1

10

15

receiver

20

25

30

Tuesday, 4 December, 12

-




SPGI1 Recovery
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PQNI1 Recovery
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Outline

e SPGI1 overview

o Acceleration with PQNI1
e Experiments

e Conclusion

e Future Plans
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SPGI1 Solution Path

minimize .CIZ“ |1
subjectto || Ax — sz < g| %07

Pareto curve
- @ = Solution path

- - - -

150 —

-
---
-
--
-
-
—

two-norm of residual

100 = L.
minimize || Az — b||5
subject to  |[z||; <7
50—
solve with SPG
............Y........Q......................... ....(speCtraIproieaedgradients
0 T T T
0 0.5 1 1.5 2

one-norm of solution (xlO“)

Tuesday, 4 December, 12



SPG vs PQN

e Spectral Projected Gradient

*Gradient -- first order optimization method
*Projected -- constrained optimization
*Spectral -- line search technique

e Projected Quasi Newton

*Newton -- second order optimization method
*Quasi -- not quite exactly Newton
*Projected -- constrained optimization
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SPG vs PQN

a(@) = i+ (@ = 2)" v flwn) +1/2@ 1) Bulw - )

Second order information

First order information
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SPG vs PQN




SPG vs PQN

Objective : mingcc f(x)

for £ =1 to itergpg do

SPG pP = argminf(2*) + (z — 2*)"V f(2") + 552 — 27)| 3

xzeC

Closed form solution :

ot = Poco(a® — aV f(a"));
end for

for K =1 toiterpgny do

K+1 _ : K L K\T K\ | 1(,. . K\TRK(, .K
T —argglnf(x )+ (x —2®)"V f(a™) + (v —2™)" BY (x — 2™)
PQN Does not have a closed form solution, solved via SPG approach:

for £ =1 to itergpg do

end for
end for

Tuesday, 4 December, 12



Experiments

e General stylized numerical example
e Usage and benefits in seismic data
acquisition, processing, and inversion
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Numerical Example

e Basic compressed sensing example

e \Well conditioned
® Random gaussian matrix

e |l conditioned example
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SPGI1 vs PQNIN

(compressed sensing example)

e Recover a vector of length 512 components,
of which 20 are nonzero, from 120

observations
e Sensing matrix is i.i.d Gaussian
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SPGI1 vs PQNIN

(compressed sensing example)
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SPGI1 vs PQNIT

(compressed sensing example)




SPG vs PQN

Objective : mingcc f(x)
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Memory vs CPU time

mat-vec of PQNI1 with various rank of LBFGS updata

[ [ [ [ [

120 ]

18 ]

118 ]

3 114 mat-vec for SPGI1is 319 _
©
3

3 112 .
d

£ 110 1
5

2 108 .
£
-
C

o 106 .

104 .

102 s

100 =

| | | | O

5 10 15 20 25 30
the number of gradient vectors needed to save in approximate Hessian

Tuesday, 4 December, 12

-



SPGI1 vs PQNIN

(il conditioned problem)

e What if our sensing matrix is not
that nice, what if they have huge
condition numbers?




SPGI1 vs PQNIT

(il conditioned problem)
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SPG vs PQN

(il conditioned problem)

original signal
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Memory vs CPU time

the number of mat-vec needed

mat-vec of PQNI1 with various rank of LBFGS updata
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Observations

(from stylized numerical example)

- PQNI1 increases the convergence rate
of SPGIT

- For ill conditioned problem : PQN is
more favorable

- Increase the approximate Hessian rank,
the acceleration grows

eeeeeeeeeeeeeeeeeeee



Experiments

e General stylized numerical example
e Usage and benefits in seismic data
acquisition, processing, and inversion
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PQNI1 in Seismic Acquisition
(Missing Shots Interpolation)
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SPGI1 recovery

p = .75, SNR=8.097dB
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PQNI1 recovery

p = .75, SNR=8.1478dB

50

100

150

200

time
time

250

300

350

400

450

500

10 20 30 40 50 60
Receivers

50

100

150

200

300

350

400

450

500

10

20

difference

30
Receivers

40

50

60

-

Tuesday, 4 December, 12



SPG vs PQN
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PQNI1 in Data Processing

(Deconvolution)

-

true sparse signal

band pass filter
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original sparse signal

SPGI1 vs PQNIT
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PQNI1 in Seismic Imaging

(Reverse time migration)

Reverse time migration result
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PQNI1 in Seismic Imaging

(Reverse time migration)

SPGI1 recovery
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PQNI1 in Seismic Imaging

(Reverse time migration)

PQNI1 recovery
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PQNI1 in seismic imaging

(Reverse time migration)
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Observation

(from seismic applications)

e PQN is a useful tool in various seismic
applications

e Seismic applications with expensive
mat vec benefit more from PQNI1

e |l conditioned image space type problem
IS most favorable setting for PQNI1




Conclusion

- If the objective function is go from
Image space to data space

- Or if memory Is not an issue

- or if the problem is ill conditioned

e Consider PQNI1
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Future work

e Test and improve the robustness of
PQNI1

e Further increase the convergence
rate for PQNI1

e Promote the usage of PQNI1 into
FWI

eeeeeeeeeeeeeeeeeeee
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